The analysis of patents' and citations' data has become a privileged source of evidence on localized knowledge spillovers and innovation. Nevertheless, one aspect has been overlooked: the patents'distribution across inventors is extremely skewed, as many inventors register one or a few patents, while a small number of inventors register many patents. To our knowledge, the previous empirical literature has not discussed the di¤erent 'scales' of local innovation patents may originate from. A …rst contribution of this paper is therefore to discuss the issue. A second contribution is to investigate whether patents originating from di¤erent scales of innovation are located in di¤erent cities. A third contribution -which constitutes the main scope of the paper -is to test whether the concentration of the activity of star inventors is bene…cial to the local productivity of other kinds of innovation -namely the ones led by more occasional, and less proli…c, inventors.
Introduction
The analysis of patents'and citations' data has become a privileged source of evidence on localized knowledge spillovers and innovation. Nevertheless, one aspect has been generally overlooked: the patents'distribution across inventors is extremely skewed, as many inventors register one or a few patents, while a small number of inventors register many patents. Innovations developed by inventors at the opposite extremes of the distribution are unlikely to be the outcome of an homogenous innovation "black box". Interestingly, this peculiar characteristic of the patenting activity recalls the more general 'innovation paradox' recently highlighted in the literature (e.g. Acs and Audretsch, 1990) . While big companies massively invest in formal R&D activities, many new products and processes are generated by small and medium enterprises, with little or no reported investments in R&D. The latter kind of innovation process is therefore more likely to be based on learning-by-doing and incremental innovation, being thus intrinsically di¤erent from the activity of 'professional scientists'.
To our knowledge, all of the previous empirical literature on 'local innovation'based on patent data has not discussed the di¤erent scales of innovation patents may originate from. A …rst contribution of this paper is therefore to discuss the issue. A second contribution is to investigate whether patents originating from di¤erent scales of innovation are located in di¤erent cities. A third contribution -which constitutes the main scope of the paper -is to test whether the concentration of the activity of star inventors is bene…cial to the local productivity of other kinds of innovation -namely the ones led by more occasional, and less proli…c, inventors.
In order to achieve that, using the USPTO/NBER database we identify two exempli…cative categories of inventors situated in the two tails of the distribution: we de…ne as stars those inventors who are highly productive in a given period of time -while we de…ne as comets those inventors that develop only one or a few patents. A preliminary data inspection at MSA level shows how the association with establishment births and other MSAs'structural characteristics and number of patents is signi…cantly di¤erent for the two patents'categories. This con…rms that i) the categorization is not trivial, ii) the two categories relate to di¤erent innovation processes, and iii) stars and comets are concentrated in di¤erent cities, especially after controlling for the general distribution of the patenting activity.
The location of investments of big companies is increasingly in ‡uenced, directly or indirectly, by local policy makers: the attraction of 'million dollar plants'is seen as a successful policy targeted at increasing the productivity of incumbent (small) …rms through technological spillovers (Greenstone et al, 2008) . Similarly, local policy makers may be keen in attracting R&D labs of big companies whithin their jurisdiction. We, however, …nd some evidence suggesting that the direct impact of stars on the local economy is negligible. However, the lack of direct e¤ects might be compensated by indirect e¤ect operating through an increase of the activity of comet inventors, which in turn may justify the provision of public money to place-marketing policies.
Therefore, in the second part of our empirical analysis we assess whether the activity of star inventors is bene…cial to the production of comet patents, and try to quantify this e¤ect. More speci…cally, using the NBER/USPTO rich patents' database we estimate a model where the number of comet patents produced in a given city, time period, and technological category is a function of the number of star patents developed in the same city, period, and category. We exploit the panel dimension of our dataset to account for various …xed e¤ects, and adopt an instrumental variable approach to avoid a potential endogeneity bias.
Patents and the Geography of Innovation
Patents'data have become extremely popular in the economic literature in the last two decades, as they represent an easy and accessible way to proxy for an economic activity which is generally very hard to measure, i.e., innovation. Furthermore, the availability of citation linkages has added even more interest on patents data: for the …rst time, researchers had a tool to 'trace'knowledge spillovers, which previously had been considered as one of the most intangible concepts in economic theory. A popular book by Ja¤e et al (2005) , and the free availability of the USTPO dataset from the NBER website, further contributed to multiply the empirical applications based on patents'data.
A signi…cant part of this wide literature has focused on the geographic component of innovation, with a particular interest on the spatial decay of knowledge spillovers. A seminal contribution by Ja¤e et al (1993) showed as a cited patent is twice more likely to be in the same US metropolitan area as the citing one, compared to a couple of technologically similar patents with no citation links. On the same line, Peri (2005) examined the ‡ows of citations among 147 European and US regions to …nd that "only 20% of average knowledge is learned outside the average region of origin". Carlino et al (2007) used patents data for a cross-section of US metropolitan areas to investigate the relationship between urban density and innovation intensity (as measured by patents procapita) …nding a positive and robust association, with the caveat, however, that many omitted variables might, in facts, explain the positive correlation.
1 All these contributions (and many similar which we omit for brevity) highlight that knowledge spillover have a geographically limited distance decay.
Previous contributions, however, did not take into consideration an important feature of patents' data, i.e., the skewness of the distribution of patents across inventors.
2 This is in part due to the fact that until very recently an unique identi…er for inventors was not available in the NBER/USPTO database and therefore calculating the distribution of patents by inventors was unfeasible. Thanks to the e¤orts of Trajtenberg et al (2006) , who 'estimated'the unique id using an ad-hoc algorithm, we know that out of 1,600,000 inventors listed in the NBER dataset in the period 1975-99, 60% of them registered just one patent, the 30% from 2 to 5, and only the 0,15% (2,402 inventors) more then 50.
The peculiar distribution of patents by inventors reveals that the innovation process which patenting is a proxy for is an extremely composite phenomenon. However, The fact that innovation produced by small and big companies is intrinsically di¤erent is well known and debated in the literature. In particular, robust evidence on two distinct aspects of small …rm innovation are posing a challenging 'innovation paradox'. First, small …rms have a much higher ratio of patents developed to R&D expenditures (Griliches,1990) than big companies. If we substitute patents with innovations introduced to the market and R&D with employment, the result is equivalent: the ratio is much higher for small …rms (Acs and Audretsch, 1990) . The authors argue that this can be due to the higher permeability of small companies to local public R&D inputs (i.e., university research) (Acs et al, 1992 ). An alternative explanation could be that small companies rely on alternative innovation inputs, based on lerning-by-doing and incremental innovation, rather than formal scienti…c research. Second, small …rm innovation is not at all a residual phenomenon, accounting for most of the innovative activity in many sectors (Acs and Audretsch, 1990) . In passing, it is also worth mentioning that small …rms account for most of the employment growth in the US in the last decades (Audretsch, 2002) . Furthermore, Balasubramanian and Sivadasan (2008) in a recent working paper link patents'data with Census …rm data for US, being able to assess the impact of patents on …rms' performance. They focus in particular on …rms that patent for the …rst time, and …nd a signi…cant and large e¤ect on …rm growth (but, interestingly, little change in factor productivity). To the extent that …rst-time patenting …rms are much more likely to belong to the group of 'occasional' inventors, we deduct that this kind of innovative activity bears strong economic importance. Partly contradicting the previous …ndings, the analysis of patents'value as inferred by their renewal shows that "small entities -individuals, corporations with fewer than 500 employees and non-pro…t organizations -have patent values that are on average less than half as large as the values obtained by large corporations" (Bessen, 2008, p. 944) .
To sum up, the main conclusion we draw from the mentioned literature is the following: patenting activity -as a proxy of a more general innovation activity -of comets and stars are two distinct phenomena, and this distinction need to be carefully considered when examining patents'data.
Stars and Comets
Our analysis is based on the NBER/USPTO database, which lists all the patents granted in US from the 1969 to 1999. We added to this dataset the inventors' unique ID developed by Trajtenberg et al (2006) . As the latter is available only since the 1975, our period of analysis is restricted accordingly. More details on the data are reported in Appendix A.
We identify …ve time periods of four years each, and …ve "observational windows" of eight years for each of them -they are listed in table 1. We use the four-years periods, instead of single year intervals, to take into account the imprecision of our temporal dimension, due the following characteristics of the data. First, we use the year in the patent is granted, which is generally 2-3 later the year of application. Furthermore, we do not know how long the inventor had been working on a patent before applying for it. Equally di¢ cult is to time when local knowledge spillovers may have e¤ect -it could be while the source and destination inventors are both working on their respective patents or after the star has applied (or has been granted) for it. By inspecting the data we found that the median and mean value of the citation lag of patents in the same MSA is four years, and we therefore choose to adopt periods of the same length.
3 This seems a reasonable choice in order to average out some of the measurement error.
However, the de…nition of comet and star patents in a given period is based on the characteristics of their inventors in the relative observational windows, rather then the period. Observational windows are longer than periods (and overlapping) to allow for some ‡exibility in the de…nition of the two categories: a star may be an highly productive inventor even a few years before getting the patents granted, or, conversely, they can still produce knowledge spillovers a few years after the last patent has been granted. Similarly, the longer observational window is important for comets as well, as it avoids including in the category inventors who do not satisfy the requirements in the years immediately before, or after, the given period. 1978-1981 1976-1983 2 1982-1985 1980-1987 3 1986-1989 1984-1991 4 1990-1993 1988-1995 5 1994-1997 1992-1999 In each period, a patent is de…ned as the outcome of a "star inventor" if its …rst author has developed …ve other patents or more (as …rst author) in the relative observational window. 4 Such patent is therefore de…ned as a star patent. Similarly, I de…ne "comet inventors"patents'(…rst) authors which developed less than three patents in the observational window, and less then six till that point in time; the patents they develop are de…ned as comets. As a further restriction, comets must not have as assignee a company which is assignee of 50 patents or more in the whole dataset. Thus, Individual inventors listed as stars cannot become comets in a following period, while a comet can potentially become a star; this, however, happens for only 1% of comet inventors listed in the dataset.
It is important to note that the patent, rather than the inventor, is the …nal unit of observation. This choice depends on the fact that inventors are observed only when they patent, which makes extremely hard to set up a meaningful analysis at the inventor level.
The analysis is generally limited to the last three periods, as MSA controls are unavailable for period 1 and 2. We de…ned the latter, however, as they are used to build the instrumental variables and in regressions which includes time lags of the patents variables.
Star patents account for the 26% of the total patents granted in the period 1986-1997, while the corresponding share of comet patents is equal to 11%. On the inventors' side, among all the unique inventors listed in the …ve periods (534,120), around 5% of them are listed as stars at list once, while for comets the same share is equal to 15%. Looking at single periods, star inventors are the 7-9% of the total, while comets are the 14-16%. The 'star'status appears to be quite persistent across time: around the 40% of stars in given period where stars also in the previous period. The share goes down to 15% with a two periods lag.
Interesting facts emerge also from the analysis of citations' data. Table 2 reports the shares of citations originating from stars, comets, and other patents (rows) directed to stars and patents (columns). Compared to patents that are neither comets nor stars (third row), comets (…rst row) are more likely to cite comets, and less likely to cite stars. The opposite is true for stars: they are more likely to cite stars, and less likely to cite comets. The pattern is similar also when looking at citations within technological categories (not showed). We interpret it as a further evidence that the stars/comets categorization, although stylized and partially arbitrary, do identify di¤erent groups of patents, supposedly related to di¤erent innovation processes. On the other hand, we notice that comets do cite stars, although at a smaller rate than other patents. The hypothesis that comets may bene…t from knowledge spillovers from stars is thus not rejected by citations data.
Citations may also be useful to inspect the average 'value'of di¤erent categories of patents. Although quite debated and 'noisy', the association of number of received citations with the market value of the patents has been convincingly argued (Hall et al, 2001) . We use citations' data to explore whether patents and comets signi…cantly di¤er from other patents in this dimension, by regress- ing the number of received citations on 'comet' and 'star' dummies, over the whole sample of patents in period 3-4-5. We also include time and technological category dummies, their interactions, and a variable reporting the number of citations made to control for the heterogeneous propensity to cite among di¤er-ent groups of patents (in a …ner way than it could be absorbed by category and time dummies). Given that the dependent variable is a overdispersed count, the model is a negative binomial. Coe¢ cients, reported in table 3, show that star patents are indeed signi…cantly more cited than other patents. The e¤ect is positive also for comet patents, but the size of the coe¢ cient is much smaller.
Preliminary evidence on location of stars and comets
In this section, we present some descriptive statistics which i) show how stars and comets are located in di¤erent places, and ii) substantiate the validity of stars and comets as good proxies for the output of di¤erent innovation processes.
If we look at the distribution of comet, star, and other patents over total employment across MSAs, 5 we …nd a strong correlation (Table 4) , which implies that innovative activity is overall spatially concentrated. When plotting the shares of comets and stars on the total patents, however, we see that there is a fair degree of dispersion in both the distributions, remarkably driven by a long right tail (Figure 1 , 2). We can go further by looking at patterns of partial correlation with MSAs structural characteristics, setting up a simple panel regression for periods 3-4-5 based on the following equations:
where i indexes MSAs and t times, X is a matrix of MSA-speci…c coovariates, 1 and 2 are vectors of coe¢ cients, and is a time …xed e¤ect. The variables included in X are the (log of) the total patents in the MSA which are neither stars or comets, the (log of) total MSA employment, the share of employment in manufacturing, the Her…ndahl diversity index of 3-digit SIC sectors, and the number of plants with less than 500 employees. The equation are estimated with an OLS regression on the pooled samples, with standard errors clustered at MSA level. The results -reported in table 5 -clearly show how the two vectors of coe¢ cient are di¤erent (as con…rmed by the Hausman test). In particular, comet patents are positively (partially) associated with the number of small …rms, while the total number of other patents and the Her…ndahl index have a negative coe¢ cient (the latter thus meaning that a more diversi…ed city is associated with more comets). Conversely, star patents are positively associated with both the number of other patents and the Her…ndahl index, suggesting that star patents are more commonly located in specialized cities.
Our interpretation of these results is the following: comet patents are associated to more general innovation activities, and therefore are more likely to be located in innovative hotpots with a diversi…ed economy and many small …rms; in such cities the pool of patents is not necessarily large, as innovations may be introduced to the market in other forms. On the other hand, the activity of stars is more strongly associated with formal R&D and patenting, thus is more likely to be located where the pool of patents is large, and the structure of the local economy is dominated by big companies. We also look at the association with establishment births, by regressing the latter variable on the number of star and comet patents developed in the same MSA, plus some other controls (total employment, Herdindahl index, and average establishment employment -all lagged by one period to avoid simultaneity bias), for period 4 and 5 (period 3 is dropped due to data restrictions). Again, the results (table 6) show a di¤erentiated pattern for stars and comets: while comets have a signi…cant e¤ect, comparable to the e¤ect of other patents, star patents have a negative coe¢ cient, which become insigni…cant once the MSAspeci…c controls are included.
We do not claim causality at this stage -many variables are potentially omitted and we can't exclude a reverse causality bias -but, nevertheless, the associations we have analysed support two main …ndings: …rst, once controlling for the general distribution of patenting activities, comet and star patents are developed in di¤erent places; second, star patents seem to have a much weaker connection with the local economy than comet patents. To the extent that the former are developed in R&D labs of big companies, while the former are the by-product of the innovative activity of small …rms, the …nding is not surprising.
Why should stars positively a¤ect comets?
Even though we assume comet and star patents are the outcome of substantially di¤erent innovation processes, this does not necessarely exclude that their activity may have some point of contacts. Stars may be positively a¤ecting the production of local patent comets through four main mechanisms: a) Informal knowledge spillovers: star inventors and comet inventors develop informal contacts due to proximity, which in turn facilitate the activity of the latter (e.g., they may obtain hints on their work). b) Formal knowledge spillovers: star inventors may transfer their expertise to comet inventors in more formal ways, e.g. in occasion of seminars, conferences, and the like. c) Workplace contacts: (future) comet inventors may have the opportunity to work in an institution where stars are employed, without necessarely becoming stars themselves (they may be employed in di¤erent mansions, or they may leave the institution at an early stage of their career). d) Display/attraction e¤ect: the presence of many labs of big companies may attract comets to a locality, as innovative entrepreneurs may assume that they can enjoy the e¤ects of point a, b, c.
Interestingly, only the …rst point Unfortunately, the data do not allow us to disentangle the di¤erent e¤ects.
Analysis
In the present section we investigate whether the activity of star inventors is bene…cial to comet inventors, and try to quantify this e¤ect. We therefore estimate the following model:
where i, k, and t index MSAs, categories, and periods, respectively; Stars and Comets are the number of patents in the respective category, X is a set of MSA time variant controls, and ; ; are category, time, and MSA …xed e¤ects. The six technological categories are the following: Chemical (excluding Drugs); Computers and Communications (C&C); Drugs and Medical (D&M); Electrical and Electronics (E&E); Mechanical; and Others. The unit of observation is the MSA-category pair; the choice is motivated by the assumption that patenting in each of the six di¤erent technological categories is hardly linked to the activity in other categories. This seems to be con…rmed by citation data, which show that 80% of citation linkages are bounded within the same category. The analysis is limited to periods 3-4-5, as MSA controls are not available for previous periods, and sample is restricted to the MSA-category pairs in which at least 25 patents have been granted in the given period.
We opt for a log-linear speci…cation because the dependent variable is an extended count variable (with a long right tail and skewed to the left), which approximates the normal distribution after the log transformation. The side e¤ect of the log transformation is the loss of the zeros, but they are less then 5% of observations. In the following section, we perform some robustness tests based on a Poisson model with the natural count variable and …nd compatible results.
The MSA-speci…c time-variant variables included in the matrix X are the following: i) log of total employment (totemp), meant to control for agglomeration economies and size e¤ects ii) the share of employment in manufacturing (manuf. share), in order to assess whether comets are associated with specialization in manufacturing iii) the Her…ndahl diversity index (Her…ndahl, calculated as the sum of the squares of the share over the total of employment of 2-digit SIC sectors), as a proxy of the diversity of the economic structure. This variable can have two opposite e¤ects: on one side, the literature has emphasized the positive e¤ect of diversity on innovation due to Jacobian externalities (e.g., Glaeser et al., 1992; Duranton and Puga, 2005) . On the other side, we may suppose that MAR externalities, rather than Jacobian, are more bene…cial for the kind of incremental innovation which underlie the development of comets.
iv) log of the number of plants with less then 500 employees (n. plants <500 emp.) as these are de…ned as 'small plants'in the US.
We anticipate, however, that MSA controls are hardly signi…cant in our regressions. This is due to the inclusion of the MSAs' …xed e¤ects, which absorb most of the e¤ect of variables with small variations across time; and to the grouping of patents at the technological category level, which makes the association with MSA variables weaker.
In some speci…cations we also include a variable reporting the log of total number of patents developed in the other …ve technological categories (nr. pat. oth. cats.), and the log of total number of patents in the same MSA/category which are neither stars or comets (nr. oth. pat. cat.). Finally, we include a number of …xed e¤ects, controlling for technological category and MSA time invariant factors, for time-speci…c shocks, and for technological category shocks.
Instrumental Variable Estimation
Estimates of equation 3 can be inconsistent due to reverse causality or omitted variable biases, which cast doubts on the exogeneity of the main variable of interest (the number of star patents). We therefore create two di¤erent instrumental variables to deal with the issue.
First instrument
The …rst instrument is calculated through the following steps: a) For each period, we calculate the total number of star inventors active in a given MSA and technological subcategory (patents are classi…ed into 6 categories and 36 subcategories). If an inventor developed patents classi…ed into di¤erent subcategories, he/she is assigned corresponding weights summing to one, accordingly to the subcategories'shares. If they have been recorded as resident in several MSAs, the modal one is chosen. b) For each period, each subcategory, and each MSA, we calculate the average number of patents produced by star inventors in the whole US, excluding the given MSA. c) For each MSA, each period, and each subcategory, we multiply the number of inventors in period n-2 at point a) by the productivity in the respective technological subcategories in period n calculated in b). Subsequently, we sum the outcome by MSA, period, and technological category. The result is the instrumental variable for total number of star patents in period 3-4-5, by MSA and category.
Formally, it can be expressed with the following equation:
where i indexes MSAs, t periods, k technological categories, and s technological subcategories within the category k. The …rst element of the product is calculated at point a), and the second one at point b).
The validity of the IV relies on an assumption of excludability for point a), i.e., once MSA …xed e¤ects are controlled for, the number of star inventors living in a given MSA in period n-2 (on average ten years before) has no independent e¤ect on the number of comet patents developed in period n; and on an assumption of exogeneity for b), i.e., the average productivity in the whole US is exogenous to MSA-speci…c unobserved factors. At the same time, I expect the productivity of stars inventors working in the same subcategories to be correlated, due to sharing a similar competition pressure, regulatory framework, market demand, etc. For example, we assume that the number of star patents developed in the MSA of New York in the year 1994-97 entails an exogenous component due to the interaction of a) the historical presence of R&D labs in semiconductor devices, and b) the US-wide growth in (patent) productivity of the semiconductor devices sector, relatively to other sectors.
The IV strategy is close in spirit to the approach of Bartik (1991) and Blanchard and Katz (1992) , among others, who instrumented regional economic growth interacting the lagged sectoral structure of a region with the contemporaneous national sectoral trend. There is, however, a reason of concern about the exogeneity assumption for point b). To the extent that comets in a given MSA are specialized in the same subcategories of stars, the US-wide variation in productivity in a subcategory can be correlated with the error term of equation 3. This in turn will compromise the validity of the instrument. We therefore build a second IV in order to improve the robustness of our estimate.
Second instrument
The second instrument follows a methodology similar to the …rst one, but the technological subcategories are substituted with the assignees of the patents. The steps are the following: a) For each period, we calculate the total number of star inventors active in a given MSA and with a given assignee. In case of star inventors with multiple MSAs or assignees in the same period, the modal one is chosen. b) For each period, each assignee, and each MSA, we calculate the average number of patents produced by star inventors in that period in the whole US, excluding the given MSA. c) For each MSA, period, and assignee, we multiply the number of inventors in period t-2 at point a) by the average number of patents produced by star inventors sharing the same assignee in period t calculated in b). Subsequently, we sum the outcome by MSA, period, and technological category (if an inventor has patented in di¤erent categories in the same period, the modal one is chosen). The result is the second instrumental variable for total number of star patents in period t, by MSA and category.
Formally, it can be summarized by the following equation:
where i indexes MSAs, t periods, k technological categories, and a the assignees. Again, the …rst element of the product is calculated at point a), and the second one at point b).
The excludability condition is identical to the one for the …rst instrument, while the exogeneity assumption is similar: given that stars and comets generally have di¤erent assignees (the assignee is very often the employer of the inventor, and comets have, by de…nition, assignees which less than 50 patents assigned in total -while, on average, assignees of stars have 4010 assigned patents) we assume that the average productivity of an assignee in the whole US (excluding the given MSA) has no independent e¤ect on the productivity of comets of that MSA.
Results
Results from the OLS estimation are reported in table 7. All the variables are reported in logs (except from the Her…ndahl index and the share of manufacturing employment, which are strictly smaller than one), thus the coe¢ cients can be interpreted as elasticities.
The e¤ect of star patents on comets is always positive and signi…cant, but overall quite small: the coe¢ cient ranges from 0.04 to 0.14. Among the other controls, the total number of patents in the MSA/category that are neither stars or comets has a positive sign, as expected, and its inclusion reduces signi…cantly the stars coe¢ cient. The total number of patents in other categories has, instead, an unexpected negative coe¢ cient, while total employment has a large positive e¤ect, although barely robust. The other coe¢ cients are not signi…cant and this probably depends on the fact that they all are grouped at MSA level, which in turn con…rms the convenience of conducting the analysis at category level.
Results from the IV regressions are reported in table ? ?. The two instruments are both strong, as evidenced by the …rst stage regression (table 8) , and lead to extremely similar results. Instrumented coe¢ cients are still positive and signi…cant, and are signi…cantly bigger than OLS estimates: now the elasticity of comet to star patents ranges between 0.33 and 0.40. We explain the downward bias of the OLS as originating from negative selection, rather than from reverse causality: from table 5, we know that patents and stars tend to concentrate in cities with di¤erent structural characteristics. To the extent that some of the MSA-speci…c variables are unobserved and correlated with the number of star and comet patents with opposite sign, OLS estimates are downward biased.
A further concern about the speci…cation involves the potential endogeneity of the variable reporting the number of other patents in the same category (oth. pat. same cat.). The best option to deal with it would be to instrument that variable as well, but unfortunately a further instrument in unavailable. However, we can see that its inclusion to the IV speci…cations leaves the main coe¢ cient almost una¤ected, as we would expect in a valid IV speci…cation (robust to omitted variable bias). We run a series of robustness tests to corroborate the validity of our estimates. In 11, we report the estimates of 3 applying a Poisson model to di¤erent selection of the sample: the OLS one, the OLS one plus the observation with zero comets and stars, and the whole sample. In the speci…cations with the larger samples we had to exclude the variable measuring the number of other patents in the same category (oth. pat. cat.), as the maximum likelihood function could not be maximized otherwise.
Results show that the coe¢ cient of star patents is always positive and highly signi…cant, and substantially una¤ected by the di¤erent sample selections. Furthermore, its size is comparable with the OLS one. We therefore exclude sample selection biases in our OLS estimations, due to either the exclusion of zeros or the threshold of 25 patents. As a second robustness test, we include in our OLS speci…cations a set of MSA-speci…c linear time trends. Results, reported in 12, are similar to the previous ones, although IV coe¢ cients are slightly smaller.
Finally, the last robustness test is the exclusion of the sixth category, which includes all the patents not classi…able under the other …ve categories. Results are identical and slightly less precise. We do not report them for brevity but they are available from the author upon request. Two main conclusions emerge from the analysis: i) once controlling for the overall concentration of the patenting activity, stars and comets are associated with cities with di¤erent structural characteristics, and ii) the activity of star inventors is highly bene…cial to the activity of comet inventors. More research is needed to clarify both the points: about the …rst one, in order to better identify the characteristics of cities associated with concentrations of the two categories of inventors; regarding the second, to investigate the channels through which the spillovers take place. [TBC]
Policy implications
The policy recommendations are not clear-cut. On one side, given the strong e¤ect of stars on the productivity of comets, the attraction of stars to a city may be highly bene…cial to the local economic environment: stars will bene…t comets, which in turn will foster the birth of new plants, the innovation output of small businesses, and the generation of new employment. Thus, even though R&D labs of big corporations may have only a limited direct e¤ect on the local economy, as most the of employment and value added is located elsewhere, they may be highly bene…cial in the light of the aforementioned indirect e¤ect.
On the other side, we know that stars and comets are concentrating in di¤erent places, which might imply that attracting stars where comets are might not be a successful policy, as stars in 'comets' places' may be less productive.
[TBC]
Appendix A: Data Patents'data come from the NBER/USTPO database described in Hall et al, 2001 . To the original dataset we added the inventors'unique identi…er developed by Trajtenberg et al (2006) and the standardized assignee name available in the Prof. Bronwyn H. Hall website. We are aware that the latter is not always reliable as i) the complex ownership structure of companies may imply that di¤erently named assignees correspond, in fact, to the same company, and ii) the same company name can be spelled in di¤erent ways (and the standardization routines cannot completely solve the problem).
We eliminated patents granted to inventors residing outside US and geolocated all the cities of residence of inventors through the ArcGis geolocator tool (based on the 2000 gazzetter of US places from US Census) and the Yahoo! Maps Web Services. In case more authors are listed for the same patents and they live in di¤erent city, the city of residence of the …rst author is chosen; the procedure is standard in patent literature and Carlino et al. (2006) show that the approximation is substantially innocuous. The geocoding operation was successful for the 1,161,650 patents, which correspond to the 97% of the database. We then assigned cities to counties using the ArcGis spatial join tool, and subsequently counties into MSAs (1993 de…nition). Those counties which are not included in the MSAs dataset are reported singularly -the geographical units are therefore a mix of counties and MSAs (for simplicity in the paper we do not distinguish between the two entities and call all the spatial units 'MSAs'). This is a sensible choice to the extent that small counties not included in the MSAs de…nition do not exhibit strong commuting ‡ows and are therefore selfcontained functional entities. To our knowledge, is the …rst time that patents' data are geocoded (almost) entirely, without disregarding small counties.
Other County and MSA speci…c variables for employment and industrial structure are calculated from the County Business Pattern dataset, while data on establishments' births come from Company Statistics. Both the databases are freely available from the US Census webpage. Kernel density estimate
